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ABSTRACT

Given the exponential growth in the number of images stored in databases
around the world, there is a clear need for a computer-assisted means of searching
images. Key words and computed indices, referred to as “metadata,” can be used
to tag images for subsequent retrieval. But this approach is sufficient for only a few
applications. Most potential applications will require searching for images on the
basis of image content. However, existing techniques for content-based search are
either too slow, customized at great expense for a single application, or simply do
not work very well.

An environment has been created enabling a user with very limited computer
skills to interactively train a computer algorithm to recognize patterns of spectral
or textural features in imagery. The trained algorithm can then be exported as
an independent agent to search large databases for matching patterns. Following
retrieval of images having matching patterns, a user can further refine the agent’s
performance by indicating mistakes. The final product is a search tool capable
of prescreening and highlighting images, significantly reducing the work load of
analysts attempting to detect regions or objects in imagery.

An approach to interactive learning has been developed as part of this envi-
ronment. Based on techniques of knowledge-based image processing, this approach
uses interest tmages to provide a means of continuous feedback of algorithm perfor-
mance to the user. The user in turn responds by indicating where the algorithm
is making mistakes. The set of user-indicated examples and counterexamples form
the inputs to a new machine learning algorithm called functional template learning.
This algorithm is competitive with other machine learning techniques in terms of
classification accuracy and exhibits several advantages in terms of speed and under-
standibility that make it particularly well suited to interactive, supervised machine
learning and autonomous searching of databases.

A prototype version of the learning environment has been implemented as part
of a proposed Toolkit for Image Mining. A description of the environment and a
preliminary evaluation of performance are presented in this report.
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1. INTRODUCTION

Vast image databases being accumulated today are overwhelming the capabilities of users
to find particular images. For example, much of the data currently obtained from military and
civilian sensors are recorded and never accessed because of the search difficulty. And this problem
is rapidly getting worse. The National Aeronautics and Space Administration (NASA) is planning
a set of earth observing satellites (EOSs) that will generate 100 times the number of images that
are currently stored from all remote sensor platforms—more data than are currently stored in the
Library of Congress. How these data can be made available to researchers with varying levels of
computer expertise and hardware capability is the subject of a continuing national debate [1,2].

This problem is not one that only NASA faces. Military and intelligence communities, med-
ical science, the entertainment industry, the National Oceanic and Atmospheric Administration
(NOAA), and law enforcement agencies are all collecting image data at increasingly rapid rates as
sensor and mass storage devices become more capable and less expensive. The military and intel-
ligence communities, in particular, employ small armies of analysts to scan image data collected
by satellite and airborne sensor platforms. And yet, even in high priority situations, these analysts
cannot screen all the data collected in a timely fashion.

Computer assistance will become increasingly necessary to facilitate such searches. Metadata
(key words and computed indices used to label each image as a whole), can be used to locate images
for some applications. For example, one might ask for Landsat images collected in Florida during
June 1993. While very useful, metadata is insufficient and impractical for many search problems,
such as finding images of moving targets in military applications, prospecting for minerals in eartl
satellite data, finding tropical storms in weather satellite images, or attempting to find a face
in images generated by an airport surveillance camera. For these and many other applications,
the only solution is to search the image contents directly. Note that content-based search and
retrieval of images is very different from that for textual libraries. Content-based retrieval of text
uses collections of key words, which are part of a finite language. In contrast, image features are
near-infinite in variety with no preexisting dictionary and no basis in language or syntax.

The available means for searching through image data on the basis of content are generally
primitive. The most primitive are customized algorithms designed to search for some particular
signature. While these are often effective, such algorithms are expensive to create and maintain,
suitable for only a very limited problem, and their construction and upkeep require an expert in
computer vision and image processing.

An active area of recent research and product development has been to build generalized
database retrieval or classification tools with user-friendly environments that nonexperts in com-
puter vision could use. Currently, these tools generally allow the user to provide only a single
example, be it a drawn shape or a subimage. The algorithm then attempts to characterize the
example in some way (e.g., edges, spectral statistics, eigenvalues) and compare these characteris-
tics with those computed for other images or subimages. Differences between example and archive



image characteristics are assimilated into a single “distance” calculation, whicl is then used as the
criterion for selection. While capable of attention-getting demonstrations, these tools have exhib-
ited poor-to-fair performance and have been applied only to small databases in limited domains.
Examples of this class of search and classification tools are QBIC, developed by Niblack, et al. at
IBM (3], and MultiSpec, developed by Landgrebe and Biehl at Purdue University [4].

The principal failing of this kind of approach is that the user is allowed to present only a single
example. As a result, there is no way for the user to know how discriminating the constructed search
tool is and to provide feedback to indicate where the algorithm has generated mistakes. There is
no way for the search tool to improve with “experience.” Finally, some computed characteristics of
an image feature may be inconsistent over multiple images. There is no way for the search tool to
discover which characteristics are reliable discriminators. In short, with this approach there is some
chance that a user might get good discrimination/classification performance with a single example.
But when the user is not getting the desired results, there is no way to make the search tool any
better.

Another approach to database search and retrieval is one developed by Turk and Pentland at
MIT [5]. Their approach allows the assimilation of example faces into models of facial features called
eigenfaces. Each face in the database is characterized in terms of differences from these eigenfaces.
To recognize a new face, these characterizations are computed and compared with those of faces
stored in the database. While eigenfaces is a promising approach to a very hard problem, it still
does not promote learning from mistakes or allowing users to shape classification performance to
their expectations.

Using tools of knowledge-based signal processing developed at Lincoln Laboratory, a new ap-
proach to computer learning, which is the core technology of a proposed Toolkit for Image Mining
(TIM), has been designed and implemented. The user and TIM maintain a two-way dialogue,
allowing the user to supervise the learning of search tools in a manner analogous to classical con-
ditioning. Learning exhibits rapid convergence to reasonable performance and, when thoroughly
trained, these search tools appear to be competitive in discrimination accuracy with other classifi-
cation techniques such as neural nets and Bayesian classifiers. The learned search tools are simple
in structure, self-contained, and can be exported as independent agents to peruse large databases.
Moreover, because the search tools are highly modular, it is possible to link them to produce
even more complex functionality. This report describes the look and feel of a proposed TIM en-
vironment, including details of the implemented learning techniques, and discusses the underlying
technology—knowledge-based signal processing—and how it has been used to create a new ap-
proach to machine learning. Examples are shown from initial work in spectral pattern recognition
and potential applications and extensions of this work are discussed.



2. THE TOOLKIT ENVIRONMENT

The premise of TIM is that a user, having one image containing some object or region, would
like to find other such images in a large database. The task is accomplished by a search tool,
called an agent, which the user teaches to recognize the discriminating attributes of the feature.
Teaching occurs in a supervised learning session in which the user and algorithm continuously
provide feedback to each other.

The first step is to fill in information about the data and the nature of the object or region
to be sought. This information can include metadata, specifying the name of the sensor and the
locations and times of interest. Metadata provides an initial constraint on any searches, reducing
the number of images that are actually scanned by the agent. Individual images to be used for
training would be specified here as well. Other menus would provide options for those attributes
that the algorithm is to consider. For example, if the data source is multispectral, then the value of
each spectral band and the value of each ratio of bands might be the considered set of attributes.
Various texture and shape analysis techniques might also be considered as candidate attributes.

Following initialization, the main user/machine interface is a screen that looks similar to Fig-
ure 1. The screen presents one or more input images (center) and an interest image (right). With
the mouse, the user indicates pixels that are examples of the feature to be sought or counterex-
amples of features to be ignored, represented here as blue (example) and yellow (counterexample)
pixels overlaid on one of the input images. Histograms of example and counterexample attribute
values (shown on the left) are constructed. Those with the least overlap are determined the best
discriminants. An agent is then constructed by exploiting the ranges of values with the least overlap
between examples and counterexamples. The agent generates an image in which high interest is
assigned to locations that are similar to the set of examples and low interest everywhere else. The
user scans the interest image, looking for mismatches between agent output and user expectations.
Some pixel location that should have been given a high interest value, but was not, is added by the
user to the set of examples. Or some location that was inappropriately given a high interest value
is added to the set of counterexamples. With each new input, the algorithm revises the “model”
of user intentions, produces a new interest image, and the process repeats until the user is satisfied
with agent performance on a single input image.

Once satisfied, the user must select some criterion for image retrieval. For example, the user
might request that the agent retrieve any image for which the average interest value is greater than
some threshold t. Or perhaps the agent should retrieve any image in which the number of interest
values greater than ¢ is more than 10% of the total number of pixels in the image.

The agent is then ready to embark on a search. While it could certainly search a database
resident on the training workstation, the main goal is to create an agent that can enter a super-
computer serving a large database, for example, one of the Data Archive and Analysis Centers
(DAACs) that NASA has established as part of the EOS Data and Information System (EOSDIS).

One simple strategy would be for the agent code and parameters to be e-mailed to the DAAC host,
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Figure 1. User/machinc interface. Notional appearance of the interactive learning envi-
ronment in TIM.

which would know by some prearranged code that it should compile, load, and start the agent.
Metadata collected during agent initialization would be used to constrain the search. Time limits
could be set to protect both the user and the user community from runaway, forgotten, or poorly
learned agents. Perhaps the agent might be configured either to search through archived data or
monitor the stream of recently processed images on their way to archival storage.

The user explores the retrieved input images and computed interest images both to assess
agent performance and to look for interesting object or region variants found by the agent. At this
point, the user has the option of reentering the learning environment to further refine the agent.

The interest image also provides a limited means for quantitative analysis. Scientists or policy
makers interested in spatial measurements or in trend analysis would be able to quantify the extent
of high interest regions with various statistical characterizations and perhaps look for changes over
time.



3. KNOWLEDGE-BASED IMAGE PROCESSING

The core technology of TIM is a new machine learning algorithm, based on techniques of
knowledge-based image processing developed at Lincoln Laboratory. More traditional approaches
to machine learning, such as neural nets, might also be used. However, as described later, the new
approach has several advantages over other machine learning approaches and is particularly well
suited to the TIM environment.

Techniques of knowledge-based image processing have been developed at Lincoln Laboratory
in the context of automatic target recognition [6]. These techniques have been successfully extended
to other areas, including the automatic detection of hazardous weather in Doppler radar images
[7,8,9]. Several weather detection algorithms constructed by means of this approach are being
operationally tested at several airports across the country. These new algorithms have consistently
demonstrated capabilities that are much improved over the prior state of the art. Knowledge-
based image processing is based on two particular tools: interest images and functional template
correlation.

An interest image is a spatial map of evidence for the presence of some feature [10]. To
be useful in the context of a search, that feature should be selectively indicative of some region
or object that is being sought. Pixel values range from [0,1] with higher pixel values reflecting
greater confidence that an intended feature is present at that location. Interest is particularly
effective as a “common denominator” for data fusion. Input data from a variety of sensor sources
can be transformed into one or more interest images highlighting some set of features thought to
be indicative of a target. With simple or arbitrarily complex rules of arithmetic, fuzzy logic, or
statistics, these individual interest images can be assimilated into a single combined interest image.
Knowledge of circumstances under which each interest image is a good discriminant can be used
to guide the weighting of each individual interest image during fusion. Ultimately, a detection
algorithm with very complex properties can be assembled from a set of simple feature detectors,
each of which generates an interest image. In addition to their role in data fusion, interest images
provide a means of representing information for human interpretation. Highlighting the features of
interest cues human attention to a particular feature that would be difficult to spot in raw image
data.

Functional template correlation (FTC) is a generalized matched filter used to create cus-
tomized, knowledge-based image processing operations [11,12]. FTC, originally developed as a
means of computing interest images, incorporates aspects of fuzzy set theory to transform raw
data into maps of match scores in the range [0,1]. FTC can most easily be understood as a sim-
ple extension of autocorrelation. Given some input image I, an output image O is generated in
autocorrelation by matching a kernel K (essentially a small image of image values) at each pixel
location I,,. Each element of K is a literal image value expected to be present for a good match.
When K is tested at each pixel location I, elements of K overlay pixels in the local neighborhood
of Iy. Each element of K and the corresponding superimposed pixel value are multiplied together.



The sum of these products is the match score placed in Og,. If the shape to be matched can vary in
orientation, then the pixel I, is probed by kernel K at multiple orientations. The score assigned
to O, is the maximum across all orientations.

FTC is fundamentally the same operation with one important exception—where the kernel of
autocorrelation consists of literal image values (essentially a subimage of the image to be probed)
the kernel used in FTC is a set of indices, each referencing a scoring function. These scoring
functions encode a mapping between input image values and scores to be returned. High scores
are returned whenever the input image value falls within the fuzzy limits of expected values. Low
scores are returned whenever the input value falls outside these limits. The set of scores returned for
each element of the kernel K are averaged and clipped to the continuous range [0,1]. A functional
template, then, is a kernel of indices and their associated scoring functions. As in autocorrelation,
if the feature being sought can vary in orientation, then the match score is the maximum average
score computed across multiple orientations of the kernel.

As an example, consider the functional template shown in Figure 2 that is designed to detect
gust fronts in radar reflectivity data. Gust fronts are observed as thin lines of moderate reflectivity
(approximately 0 to 20 dBZ) that are flanked on both sides by low reflectivity values (approximately
—10 to 0 dBZ). On the left is the template kernel consisting of integers, corresponding to the two
scoring functions shown on the right. Elements of the kernel that do not have an index form guard
regions in which image values are ignored and have no effect on match scores. Scoring function
0, corresponding to the flanking regions of low reflectivity, returns a maximal score of 1 for image
values in the interval of —20 to —5 dBZ, a gradually decreasing score for image values in the
interval —5 to 10 dBZ, and a score of —2 for image values larger than 10 dBZ. Scoring function 1,
corresponding to the center of the kernel where moderate reflectivity values are expected, returns
maximal scores in the interval between 5 and 12.5 dBZ with gradually decreasing scores for both
higher and lower image values.

In general, by increasing or decreasing the interval over which affirming scores (i.e., > 0.5) are
returned, scoring functions can encode varying degrees of uncertainty with regard to allowable image
values. In addition, knowledge of how a feature or object appears in sensor imagery can be encoded
in scoring functions. With various design strategies, the interfering effects of occlusion, distortion,
noise, and clutter can be minimized [11]. As a consequence, functional templates customized for
specific applications are generally more robust than standard generic signal processing operations.
In the thin-line matched filter example shown in Figure 2, the filter does not simply find thin
lines, but can select those having reflectivity values within a particular range. FTC has been
used as a direct, one-step means of detecting 3-D objects and can be used for implementing fuzzy,
knowledge-based versions of edge detection, thin-line filtering, thin-line smoothing, shape matching,
skeletonizing, and eroding.

A means of data fusion has been implemented in FTC that allows multiple functional tem-
plates to probe input images in tandem, producing a single output interest image. This technique
assumes that each input image is pixel-registered to the others and that the functional templates



INDEX KERNEL

#[ale

]
[#]

_>|

|«— 480 m

ROTATED AT 20° INCREMENTS

SCORE 0

SCORING FUNCTIONS

248968-2

\
~
/ ~
/ ~
S~
S~
S~
S~
o ———— e =
-10 /10 10 20 30 40 50 60 70 dBz
/
!
S
nOFF
-+ > =

Figure 2. Functional template ezample for thin-line feature delection.

all share a common center of rotation. A match score for pixel Oy is computed as an average of
the set of scores computed for all elements of all kernels. Each template or scoring function can be

assigned a unique weight in the range [0,1], allowing knowledge of the reliability of each template
or function to bias the average. If the target being sought can vary in orientation, then the kernels
of all functional templates are rotated together in lock step.



4. MACHINE LEARNING

To probe multispectral images, functional templates are constructed for each spectral band.
Each functional template consists of a kernel having a single element, along with a single scoring
function. Transformations of multiple bands into a single value, such as the ratio of two bands,
might also be considered as inputs and likewise have a functional template. In addition, other
transformations of the input data might use a window operation to compute for each pixel an index
that is indicative of the spatial properties or texture in the neighborhood surrounding the pixel.
Most useful are transformations that compute various attributes of texture. For example, local
neighborhood variance can be computed for each pixel location in an image. Other transformations
might include fractal dimension, contrast, periodicity, orientation, and parallelism. The functional
templates for each spectral band, spectral transformations, and textural transformations would be
applied in tandem, producing a single weighted average (i.e., interest value) for each pixel of the
output interest image.

Given this structure for spectral and textural functional template correlation, functional tem-
plate learning is implemented by constructing scoring functions and computing weights from a set
of examples and counterexamples. Briefly, the current approach is based on the construction of
distribution histograms, one for example and another for counterexample values of each attribute
(spectral band or transformation). The weight for a functional template is computed from a mea-
sure of the overall extent of overlap between the example and counterexample distributions. The
weight is 1 if there is no overlap between examples and counterexamples. The weight is 0 when the
distributions of examples and counterexamples are the same. The scoring function is a mapping
constructed from a comparison of the extent of overlap at each input image value. For example,
high scores are returned for input values that have many examples and few or no counterexamples.
Similarly, low scores are returned for values that have many counterexamples and few or no exam-
ples. What follows is a more detailed description of how a single scoring function and weight is
computed for an attribute.

The mean and standard deviation of the set of examples (not counterexamples) are computed
for some attribute. These statistics are then used to scale image values to a range of 0 to 255, such
that the mean value is mapped to 128, while 0 and 255 are mapped to the input values that are 3
standard deviations below and above the mean, respectively. Input values more than 3 standard
deviations from the mean are clipped to 0 and 255. This scaling is based on the example statistics
and applied to all example and counterexample attribute values.

A histogram is then constructed from the set of scaled example values. Each value is added
to the histogram by incrementing the count of the corresponding bin. For instance, if the scaled
value is 201, then the histogram value of bin 201 is incremented by 1. If the total number of
examples is small, then some number of bins to either side are also incremented to approximate
a fully populated distribution. The number of neighboring bins to be incremented is currently
computed as follows:
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where n is the number of example and counterexample values, p is a user-tunable parameter (typ-
ically set to 8), and INT() is the truncation operator. A counterexample histogram is likewise
constructed from the set of scaled counterexample values.

Each functional template weight is computed as follows:

255

O MIN(HS®, He*
weight =2 x 0.5 — ‘—0?55 ei == )

Li=ol s = Hi™)

where 7 is the bin number and H°* and H7 are the example and counterexample histograms. The
attributes are ranked by weight in decreasing order. Scoring functions are then constructed for the
m highest weighted attributes, called the best discriminants. The parameter m is user tunable.

Scoring functions are computed from a comparison of the corresponding example and counter-
example histograms as shown in Figure 3. Each scoring function is implemented as a lookup table
of 256 scores, one for each possible scaled image value. The score F; to be returned for each input
image value 7 is computed as follows:

(0.0 if H® = 0and H*® =0
16 % R(HE=, 0250 He*,0.0,0.26) i HF=0

Fi=4 16 x R(H®, Y20 Hf%,0.0,025) if HS =0

16 x R(HE®, H*,1.0,40.0) i HF= » HF

16 x R(H{*, H*,1.0,40.0) otherwise

where R(a,b,¢,d)is the ramp function

MAX(0.0,2 —
R(a,b,c,d) = MIN (1.0, (00,3 C)) .

d—-c
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5. EXAMPLES AND EVALUATION

Agent training and use are illustrated with two different examples. The first uses three-band
(long wave, medinm wave, and short wave) infrared images of urban and suburban scenes. Images
were divided into 50 x 50 pixel tiles. Figure 4 shows one such image of a town in Michigan and
the three spectral bands of a tile (tile 40 in the full image) showing two bridges crossing a river.
User intent is to create an agent that will identify water. The blue and yellow pixels in the frame
marked LW indicate the examples and counterexamples selected by the user for training. On the
right is the iuterest image produced by the agent, which is selectively highlighting the river.

248968-4

Figure 4. Erxample sel of examples and counterexamples and the resulling inlerest image,
highlighting a river in three-band mfrared images.

To search through a database of images for more images of water, the agent must be assigned
some selection criterion. This criterion is a threshold applied to some statistic of interest values.
Oune possible selection threshold would be to take those images that have average interest images



greater than 0.1. Another alternative would be to select images in which 10% or more of interest
pixels have values above 0.5. Figure 5 illustrates the selection process. On the left is the full size
image shown in Figure 4. On the right is the interest image generated by applying to the whole
image the agent taught to recognize water. The yellow boxes enclose tiles that have average interest
values of 0.06 (ont of the range [0,1]) or higher. Search functionality is demonstrated by looking for
high interest tiles within a large image. The same mechanism would apply to the task of looking
for high interest images within a large database.

248968-5

Figure 5. [Interest image and selected subimages resulting from the applicalion of the
functional template constructed in Figure 4.

A more difficult task is the classification of vegetation types using Landsat Thematic Mapper
(TM) images. Huber and Casler [13] have described work in which they evaluated a variety of
simple classification metrics and formulas developed by wildlife biologists. Their area of study, a
region in central Colorado, was classified pixel by pixel into 14 vegetation types. Actual ground
data were collected and used for scoring. They concluded that “using remote sensing information
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in complex terrains can be a difficult and relatively inaccurate process.” With no technique did
correct classifications exceed 50% with high numbers of false alarms. When digital elevation model
data were used to determine the direction in which terrain was facing, they reached nearly 70%
detection, although still with substantial numbers of false alarms.

Using the same TM data, Augusteijn et al. [14] used a variety of texture analysis techniques
in combination with a cascade-correlation neural net (an enhanced version of back propagation)
[15] to classify homogeneous regions. The data chosen by them for training and testing consisted
of 8 x 8 pixel boxes containing only 1 vegetation type. Of the 14 vegetation types, only 9 were
available in boxes of this size. The task was to train the neural net on half these boxes and then
attempt to identify vegetation types in the remaining boxes. Using this approach, they were able
to achieve approximately 99% correct classifications.

This same TM image was used here to perform a preliminary evaluation of functional template
learning. Using the truth image to guide training in a local area, agents were trained to identify
each vegetation type. A 100 x 100 pixel image was used for training. Convergence to a solution
was typically rapid. For example, Figure 6 shows (for one of the agents) the number of correct
detections and false alarms as each example or counterexample was added. Even after only 50
inputs, the agent was correctly classifying 80% of all pixels having this vegetation type with fewer
than 5% false alarms. The average classification accuracy for 13 trained agents (1 vegetation type
was not present in the training image) was 94% correct detections with 6% false alarms. These
agents were tested on a neighboring 100 X 100 subimage, achieving 86% correct detections and 13%
false alarms.

These results are clearly better than those reported by Huber and Casler, even when they
incorporated topographic data in addition to the six TM bands. It is more difficult to compare
current results with those presented by Augusteijn et al. Both studies used six-band, single-pixel
TM data. However, where the current study attempted to classify every pixel, the previous study
attempted to classify homogenious 8 x 8 patches. Many, if not most, of the classification mistakes
made by the system reported here were near the boundaries between regions. These boundaries
are likely to have transitional spectral characteristics, which should be more ambiguous. By only
considering large patches, the previous study avoided any attempt to classify these boundary zones.

19
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Figure 6. The number of correct delections and number of errors for a single agent
(functional template) plotted for each successive inputl example or counterezample.
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6. DISCUSSION

Databases will soon contain far more data than humans can peruse in any useful interval of
time. Other limitations, such as communications bandwidth and computer resources, will impose
costs for each image retrieved. However, the data handling capabilities of computers and commu-
nications networks are increasing far more rapidly than the abilities of humans. Ultimately, the
human limitations must be addressed.

The current design enables a user and a machine learning algorithm to collaborate in the
training of an agent to recognize some particular spectral or textural pattern. Provided with
examples of the intended pattern and counterexamples of patterns to ignore, the learning algorithm
attempts to create a model of the intended pattern. The trained agent would then be sent into a
large database to autonomously search for other images containing the same pattern. As mistakes
are made, the user can continue to refine the agent by adding more examples and counterexamples.

Several content-based image retrieval systems already exist in which the user provides an
example of what is wanted. However, in all previous systems the user can supply only a single
example: there is no capability for learning from mistakes. In single example systems, a number of
computed feature attributes are indiscriminately matched using a Euclidean distance metric against
those computed for database images. But not every attribute is discriminating. Unlike the various
single example mechanisms, FTC can learn the attributes that are consistently discriminating over
a variety of examples.

An application that illustrates the advantages of learning from mistakes is that of prospecting.
Suppose geologists find an unusual mineral deposit. Using hyperspectral image data, they might
indicate the location of the deposit in TIM. From the single example the constructed agent would
create an interest image highlighting the known deposit and any other locations having similar
characteristics. The geologists might then visit some of these other locations, either confirming or
denying agent assessment. As feedback is given in the form of new examples or counterexamples,
the best discriminants would be discovered.

Most learning algorithms are set up to be trained from a selection of inputs that are arbitrarily
fixed in order of presentation prior to learning. Selection of a next input is unrelated to how well
the discrimination task is learned. In contrast, the learning environment in TIM promotes a more
directed selection of inputs. The use of interest images as a means of visual feedback allows the
user to select those inputs that will most rapidly correct errors in discrimination. Consequently, if
a solution is possible, then convergence to a solution is rapid.

This collaborative approach to pattern learning incorporated in TIM could be accomplished
with other machine learning techniques. Functional template learning, however, has many advan-
tages over other techniques that make it well suited to the TIM environment. For example, neural
nets have become the standard against which machine learning techniques are compared. They
often achieve good classification performance and are adaptable to a wide variety of problems.

21



However, neural nets tend to exhibit a number of awkward disadvantages that are not apparent
with functional template learning.

e A large number of inputs are required before neural nets converge on a solution. As
currently implemented, functional template learning is capable of producing reason-
ably accurate agents in as little as 5 to 10 inputs.

o It is difficult to uncover the attributes used by a neural net to discriminate between
classes. Functional template learning easily interprets the ranking of weights and
the appearance of scoring functions, which are easily edited to produce predictable
performance changes.

e The classification behavior of a trained neural net often varies with the order of pre-
sentation of training data. Because the weights and scoring functions of functional
templates are based on the values that are currently in the example and counterex-
ample sets, they are necessarily the same, regardless of order of input.

e In search mode, trained neural nets are more computationally expensive than func-
tional templates. Each neuron of a neural net receives an input from each neuron in
the preceeding level and sends an output to each neuron in the succeeding level. The
combinatoric pattern of calculations is not present in FTC. Moreover, FTC works
using table lookups, which is much faster than the calculations needed at each neuron
of a neural net.

The goal of TIM is not necessarily to provide perfect discrimination; functional template learning
does not have to be as good a classifier as neural nets to be useful in the context of database search.
In a search for some particular event or feature, TIM can provide a prescreening service to reduce
the number of images that users need to download and observe.

TIM would allow a user with limited computer experience to build useful computer vision
tools and encourage users to explore image databases. Among other things, users might

e cover more imagery than previously would have been possible, given limitations in
human endurance and attention;

e discover better formulas for computing indices for such image features as vegetation
and clouds; and

¢ discover relationships between regions or objects that had not been noticed before.

Such discoveries have always been possible; however, cost has been a limiting factor because such
exploration has typically been accomplished by customized programs developed by people with
both computer and specific application expertise. With TIM, a larger community of users with

application experience but limited computer experience can inexpensively do the explorations for
themselves.
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7. FUTURE PLANS

The primary goal is to provide a full working TIM environment that is capable of interacting
with a large database such as the DAACs being assembled under the EOSDIS project. One objective
is to work out strategies to prescreen data using metadata; others include the rules and handshaking
that allow an agent to be exported to a DAAC supercomputer, compiled, started, and terminated.
Because several research organizations are working on DAAC interfaces, collaboration might be
useful.

A secondary goal is extending the machine learning techniques to shape. The current imple-
mentation of functional template learning is capable of learning patterns based on point character-
istics such as spectrum, polarization, and textural transformations. FTC was originally constructed
as a shape-matching tool, meaning that the same FTC engine that would be packaged as part of
any agent already has the capability to search for shapes; missing is an interactive means to learn
them, where the learning algorithm produces an interest image indicating locations of matches and
a means for the user to indicate mistakes. To do so, a means of registering each example to a com-
mon reference frame must be developed. For example, if a particular shape varies in orientation,
then each example of that shape must be rotated to a common orientation. Similarly, the centers
and scaling of each instance of a shape must be registered.

Interest provides a “common denominator” for data fusion in detection tasks. Any two
interest images can be combined using simple rules of pixel-level arithmetic or fuzzy logic. Using
this technique, computer vision systems have been constructed with complicated rules of behavior
from simple functional templates. Similarly, agents (collections of functional templates) learned in
the TIM environment might be assembled into more complicated algorithms. One simple example is
using a set of agents, each with a different resolution. A coarse resolution agent, presumably faster
but more prone to errors than a fine resolution agent, might prescreen a large set of data. Those
images selected by the coarse resolution agent would then be searched by the fine resolution agent.
Another way of combining the outputs of agents is to collect the outputs of several agents, each
looking for some different feature of a region or object. A weighted average of these interest images
might better highlight the locations of some region or object than any individual interest image.
Functional templates can also take other interest images as input, allowing sequential processing.
For example, the interest image shown in Figure 5 might be improved by applying a circular mean
filter, which would tend to suppress any isolated high interest values and raise any isolated low
interest values.

A final area of expansion is the use of principal component analysis (PCA) and related tech-
niques to explore the assembled sets of example and counterexample values. The motivation of
PCA is to find ways of mathematically combining groups of attributes into a new single attribute
that is a better class discriminant than any of the original, individual attributes. A ratio is one
simple example of how two attributes can be combined mathematically into one. Such new at-
tributes could then be considered in addition to the originals used for functional template learning.
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If these new attributes prove to be better discriminants, then their weights are higher and tend to
dominant the characteristics of the agent.
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8. SUMMARY

The ideas presented here would produce a TIM workstation environment that would assist
users in creating agents that could recognize some spectral or textural pattern. Users having no
knowledge of computer vision could teach these agents by indicating locations where the agent
misclassifies patterns. Once trained, these agents could search large image databases for match-
ing patterns. Alternatively, they might be incorporated into more complicated computer vision
algorithms for planning policy, prospecting, or doing research to understand the similarities and
differences between regions or objects.

Agent training is done during interactive sessions in which the user and algorithm provide
constant feedback to each other. The underlying mechanism for agent training is based on a new
technique called functional template learning. While competitive with neural nets in classifica-
tion performance, this technique has several advantanges that makes it particularly suited to the
interactive mode of agent training, including rapid convergence, input order independence, and eas-
ily understanding the attributes used for discrimination. In addition, agents based on functional
template correlation are, relatively speaking, computationally efficient search tools.

Using these techniques, a prototype learning environment that would be included in a fully
developed TIM has been implemented and is being tested.
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